This paper proposes a biologically inspired binaural auditory system to localize a mobile sound source. The robot considered in this paper has two microphones installed on a mobile platform to provide binaural hearing. An extended Kalman filter (EKF) is adopted to fuse the interaural time difference of arrival, which includes both the Doppler shift and the motion of the auditory system itself. The covariance matrix of EKF is utilized to determine a control policy based on optimizing the localization performance. Numerical simulations validate the proposed approach.
Introduction
It is necessary for autonomous systems working in an environment where human live to perceive and understand auditory information because audio cues, from such sources as alarm bells, traffic signals, and vehicle horns, are widely used. Especially, the location of a sound source provides important information, and thus a precise localization technique is required (1) .
For example, when a car is approaching a pedestrian, the pedestrian can use auditory signals to avoid the car if the noise emitted from the car provides information about its distance and direction. If the sound source moves, its velocity also needs to be estimated. In the field of robotics, the combination of a sense and movement to gain more precise sensory information is referred to as active sensing. For audition, active audition has been proposed by Nakadai (5) . The aim of this method is to realize a general understanding of the auditory environment of typical daily life for use in humanoid robots. Several studies on active audition using robots have been conducted. Sasaki (6) proposed using a microphone array carried by a mobile robot to localize sound sources; Mak (7) considered a probabilistic map of the field to estimate the location of a sound detected by a robot. From a theoretical viewpoint, sound localization can be modeled by estimating the location of the sound source by fusing the motion of the robot and the sensory information typically with probabilistic filters such as an extended Kalman filter (EKF) (8) , a particle filter (PF) (9) or recursive Bayesian estimation(RBE) (10) . Much of these researches has focused on developing an artificial auditory system using many microphones. Nakadai (11) showed microphone signals from a humanoid robot and from microphones installed in a room can be fused with PF to localize multiple speakers. Valin (12) proposed time delay of arrival (TDOA) estimation with a microphone array to obtain accurate sound localization. Aarabi (13) used a distributed microphone array and a likelihood-based localization method for sound localization. Difference of TDOA rather than TDOA itself is also suitable for estimating the location of a sound source, as Mahajan showed (14) , (15) .
On the other hand, it is well known that animals are good at localizing mobile sound sources; for example, bats use echolocation to navigate in the dark (2) . Animals use two ears for sound localization, implying that two microphones may be sufficient for practical sound localization, although robots can have more microphones, to improve performance. From this viewpoint, a binaural system, that is an auditory system with two listening mechanism, such as microphones, is considered the minimum required for sound localization; inspired by this biological fact, we have chosen a binaural system as the focus of this study. Note also that such a two-mechanism system is simpler than systems using many microphones, reducing the complexity of the necessary devices and the cost to implement the system. Because of the limited number of listening points, available auditory information based only on listening to sound signals may not be sufficient. To overcome this limitation, it is said that animals take advantage of active motion to gain sufficient listening performance. For example, people turn their heads to orient on a sound source to find its location. Cats have active pinnae, or external ears, to achieve 0.5 deg accuracy in horizontal sound source localization (3) . Heffner reported that elephants flap their pinnae to find the sound direction precisely (4) .
Therefore, sound localization by active audition may be possible using only two microphones, under typical conditions, and it is worth trying to reveal the minimum system to achieve the listening objective. This paper proposes an extension of active audition for binaural auditory robots to localize a mobile sound source.
As Lu (16) showed, using motion is the key to improving the sound localization accuracy of robots. The objective of sound localization is to estimate the location of a sound source precisely, and motion decisions require that the accuracy of the estimate be considered. Because EKF not only estimates the mean of the sound location but also updates the covariance of the estimation error, this paper proposes an optimal motion decision method based on the estimate of the sound source localization accuracy. This paper is organized as follow. The binaural system considered in this paper is briefly introduced in the next two sections (Secs. 2 and 3). The sound-source localization method is proposed in Sec. 4. Numerical simulations conducted to validate the proposed approach are shown in Sec. 5, followed by conclusions (Sec. 6). Figure 1 shows the front and side view of the auditory system (17) considered in this paper.
Binaural Auditory Robot
Two microphones are installed in the device, which is mounted on a mobile platform. The mobile platform has two independently controlled wheels with rotary encoders to measure its location. The diameter of the head, which is the baseline distance between two microphones, is 0.2 m. Pinnae are attached to microphones. The kinematic model of the platform motion (schematic diagram shown in Fig. 2 ) can be written as follows:
where X r (k), u(k), d r (k), and f r represent the state of the robot, control input to the system, the disturbance by unmodeled dynamics or external forces, and the robot state transition function, respectively. The X and Y coordinates and the bearing of the robot are denoted by x r , y r , and θ r , respectively, and the state X r is defined as X r = (x r , y r , θ r ) T . The control input u consists of the angular speeds of the two wheels, denoted by v r and v l . The state transition function f r for the considered system is modeled as
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where dT denotes the sampling period. Although the head can rotate independently, it is kept stationary relative to the platform in this paper because the bearing of the platform can be changed using the two wheels. The disturbance d r (k) is assumed to be a random variable vector that follows a Gaussian distribution with mean 0 and covariance Q r,k . The robot has two microphones that measure sound signals, denoted by s l and s r . Usually, audio signals are sampled at a much faster sampling rate than that of the data of motion dynamics. Without loss of generality, let N sound signals be obtained for each channel (s l or s r for the left or right channel, respectively) per motion sampling event, and treat each of those N sound signals as a frame. Denote the i-th sound sample of the s l frame obtained at time k by s l (i, k). Note that these measured auditory signals are naturally distorted with noise.
It is assumed that the state of the robot itself, X r (k), can be measured precisely, since this paper focuses on the localization of an unknown mobile sound source.
Binaural Sound Localization
Using the auditory robot described in the previous section, the method to estimate the location of a mobile sound source is proposed. In the following subsections, the basic scheme for localizing sound direction and sound speed is summarized, and then the method to fuse those measurements by EKF is shown.
Sound Source Model 3.1.1. Sound signal
The sound signal emitted by the sound source is assumed to have a dominant power spectrum at a certain frequency, such as a pure tone, and this frequency is assumed to be almost constant. This assumption is for simplicity; the model can easily be extended to include harmonic signals, such as human voices or musical tones, which covers most practical situations.
Dynamics
As a part of the prior knowledge for the estimation, the nominal dynamics of the sound source are assumed to be available. Denote the X and Y coordinates of the sound, its speed, the direction of the motion, and its angular velocity by x s , y s , v s , θ s , and ω s , respectively. The dynamics are shown in the following:
where X s , d s , and f s denote the state of the sound source, defined by
the disturbance by unmodeled dynamics or external forces, and the sound source state transi-
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Vol.6, No. 1, 2011 tion function, respectively. In this paper, the dynamics of the sound source are modeled by a uniform circular motion, and f s is as follows:
Note that the proposed method can be applied to any smooth dynamics. As is assumed for the robot dynamics, the disturbance d s (k) is assumed to be a random variable vector that follows a Gaussian distribution of mean 0 and covariance Q s,k .
Localization 3.2.1. Bearing
The relative bearing from the robot to the sound source can be obtained by measuring the difference of TDOA between two microphones, called interaural time difference (ITD) for the binaural case. ITD can be obtained by computing the cross correlation between two signals {s l (i, k)} and {s r (i, k)}: the cross correlation takes its maximum value at ITD. Denote ITD, the baseline, and the bearing as τ(k), b, and θ(k), and assume the far-field assumption (14) . The bearing θ(k) can be obtained from the following model:
where V and n s (k) represent the speed of the sound and the noise disturbing the measurement. It is assumed that n s can be modeled by a Gaussian noise of mean 0 and variance σ s,k . 
Speed
Since a mobile sound source is considered in this paper, its velocity also needs to be estimated. Doppler shift (18) , that is, the frequency shift caused by the motion of the sound source and the listener, is assumed to be obtained by processing the measured sound signals s l and s r . Denote the normalized vector from the right microphone to the sound source by e sr and define it as
The velocity of the right microphone and the sound source are denoted by V mr and V s , whihc are defined by
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The vectors corresponding to the left microphone are similiarly defined and denoted by V ml and e sl . Denote the dominant frequency of s r and s l by f r and f l , respectively. Taking the Doppler effect into account, they can be modeled by
where f and n s f denote the dominant frequency of the original signal emitted by the sound source and the distortion through the measurement. The noise n s f is assumed to follow a Gaussian of mean 0 and covariance σ f,k .
Augmented system
The total dynamics can be represented in the following form by summarizing (1), (2), (3), and (4) as
where X, Y, F, and H denote the augmented state
T , the augmented state transition function, and the augmented measurement model. d r and d s , and n denote the disturbances to and the noise in the system, respectively, and have covariances denoted by Q and R. Using this model, sound localization can be achieved by estimating the augmented state X with the noisy measurement Y and the control input u. Recall that the measurement of X r is not distorted by the noise in this paper.
Proposed method
The method to fuse the measurements and control signals by EKF (8) is considered in this section and an optimal control to decrease the estimate uncertainty is proposed.
Data fusion
Since the dynamics and the measurement contain noise or uncertainties, it is necessary to attenuate the noise by fusing the measurement and the control inputs in a suitable manner. EKF is one of the most popular methods used to estimate the state of dynamical systems with noisy measurements. Let the symbol· represent an estimate; i.e., the estimate of the state is denoted byX(k).
Denote the estimation error covariance matrix by P, which is given by
where E[·] denotes the expectation operator. From the dynamics (5), givenX(k),P(k), the control input u(k) and the measurement Y(k + 1),X(k + 1) is obtained by computing the following:
whereX
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where α k in (8) is introduced to magnify the covariance matrix if the estimate intimates that the model (5) and (6) cannot be validated. The details are shown in the next subsection. When α ≡ I, the estimate is equal to the ordinal EKF.
Model consistency
The Kalman filter provides a maximum likelihood estimate if the model and the initial covariance matrix are correct. However, the performance is strongly affected by the accuracy of the covariance matrix estimateP, which is difficult to guarantee in general. For example, if the disturbance to the system dynamics is modeled as too small,P converges faster than it should, leading to poor estimate performance. It is difficult to determine the mean and variance of the disturbance even if d and n follow an approximately Gaussian distribution.
To overcome this difficulty, we propose adding additional a priori information to check the validity of the estimation. Denote the consistency function of the estimate by
or simply G k , where N c denotes the number of estimates that will be considered. Without loss of generality, G k ≥ 0. The estimates are considered to be valid if G k < g, where g denotes an appropriate constant. For example, ifX is expected to be constant,
can be a candidate for encoding this constraint. If G k suggests that the estimates will not satisfy the constraints whenP converges, the estimate may not be valid, and the system needs to restart the estimation. This can be achieved by resetting the covariance matrixP for EKF. Since it is a convenient to magnifyP by the degree that G k is larger than the given threshold, α was introduced in (8) . It is defined as
where α 0 denotes a given constant larger than 1.
Optimal motion planning
Now, the control input u(k) is considered. As mentioned before, the objective is to estimate the sound location precisely. EKF estimates the mean and covariance of the estimated state simultaneously, as opposed to an observer estimating the state only. Since the covariance matrix provides information about how correct the estimate, the motion minimizing the norm of the covariance matrix induces optimal motion control for sound localization. Note that the predicted covariance matrix of the next step k + 1, that is,P(k + 1), can be computed without using the measurement Y(k + 1) once the control u(k),P(k), and the estimate of the stateX(k) are given. Denote the predicted covariance matrix at k + 1 using the input u(k) bŷ P(k + 1, u(k)), and define the input u k+1 by
Let the set of the admissible control inputs be given and denoted by U k .
The robot can computeP(k + 1, u) for all possible control policies u = u(k) + δu, where δu ∈ U k . Then it finds the optimal control policy, which minimizes P (k + 1, u) , where · indicates an appropriate matrix norm. In this paper, the maximum eigenvalue is used as the norm since the covariance matrix is a positive semi-definite symmetric real matrix.
This scheme can be written as the following optimization problem and the proposed system is summarized in Fig. 4 . 
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J(δu) = min eig(P(k + 1, u(k − 1) + δu)) δu ∈ U k and P(k + 1, u) is given bỹ X(u) = F(X(k), u) P = A(k)P(k) A T (k) + B(k)R k B T (k) K(u) =PC T (X(u) C(X(u))PC T (X(u)) + Q k+1 −1 P(k + 1, u) = I − K(u)C(X(u)) P .
Simulation
Numerical simulations were conducted to evaluate the proposed method. Dynamics are modeled by (5) , and acoustic information, ITD, and Doppler shift are modeled by (6) . Parameters of the model and additional details used in the simulation are summarized in Tab. 1. d and n follow the Gaussian distribution with variances shown in Tab. 1.
As the dynamical model of the sound source is given as a uniform circular motion, the speed of the sound source v s and its angular velocity ω s are expected to be constant. If these quantities are estimated as if they were varying quickly, the estimate might be incorrect because EKF estimates the state based on the dynamical model. This is encoded as the difference of a there-step moving average in order to attenuate the noise induced by the difference oper-
Journal of Biomechanical Science and Engineering
Vol.6, No. 1, 2011 ation, and G k is defined as
In the following subsections, two types of results are shown. The first type show that the optimal control approach provided better estimation performance than constant robot motion did. The second type are those focusing on the effect of α 0 in the estimation on the consistency of the model. 
Initial state: 
Optimal control for localization (Simulation I)
First, specific trial cases are shown to illustrate the transient response and the convergence of the estimates to the true location.
The initial estimate is given in Tab. 1 (Simulation I). The proposed method was tested for α 0 = 1.05 and α 0 = 1, which corresponds to conventional EKF. For comparison, the robot moving in a straight line at a constant speed (0.06 √ 2 [m/s]) toward the sound source (θ r = 0.5 [rad]), and away from it (θ r = 5 [rad]) were both tested. Figure 5 shows results of the proposed method with α 0 = 1.05. The X-Y plot shows the path of the robot, the sound source, and the estimated position of the sound source. The robot started at the origin and moved right and down, changing its heading gradually. The initial estimated position varied 1 [m] from the true location of the sound source in both the X and Y directions. The sound source itself followed a circle-like motion and the method could estimate the motion after a transient period that is shown in the figure as the position estimation error. Since the total estimation error, defined as the Euclidean norm of X −X, converged to 0, it can be concluded that not only the position but also the rest of the state could be well estimated by the method. As the proposed method uses the information of the estimated covariance matrixP, the magnitude ofP is shown by plotting trace(P). It also converged to 0 as time passed. Figure 6 shows the results when α 0 = 1, which corresponds to the case of planning the motion without a consistency function G k . The system showed similar results as in the previous case, and the estimate converged well to the sound source location.
To clarify the contribution of the proposed motion planning method, results for the robot following a straight line at a constant speed are shown in Figs. 7 and 8. In Fig. 7 , the heading of the robot was 0.5 [rad] from the X-axis, and the robot approached the sound source at the 
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Vol. 6, No.1, 2011 beginning of the trial. In Fig. 8 , the robot moved away from the sound source, heading 5 [rad] from X-axis. Transient responses of both cases were poorer than the above cases. Although the final estimation performance in Fig. 7 was almost the same as that of the proposed method, consistent estimation error can be seen in Fig. 8 . From the above results, it can be concluded that the optimal motion planning method succeeded in improving the localization of the mobile sound source.
Note that even for those poor estimation cases, the estimate of the covariance matrixP converged to 0. This implies thatP itself cannot always be trusted as a measure of uncertainty, which implies the necessity of additional system information to improve the estimation, and therefore we introduced the consistency function G k . Although it may seem that α 0 did not play any role in improving the estimation, from comparing the results in Figs. 5 and 6, the effect of varying α 0 is demonstrated in the next simulation.
Effect of α 0 (Simulation II)
In the previous simulations, estimation from specific initial states and conditions are examined.
Since the observed robot behavior and other results depend on the initial state and the noise in the system, it is necessary to evaluate the statistic performance of the estimation.
In this subsection, the Monte-Carlo approach is adopted and results of a set of estimation trials with randomly sampled initial states (Tab. 1) are shown. The configuration of the sound source and the robot were as in the previous simulation; only the initial estimate was varied.
In Fig. 9 , the estimation position error after a 100 [s] trial for 100 different initial states are shown. Each dot indicates the final estimation error, defined as
The initial direction of the robot was set to 5 [rad] from the X-axis, as it showed the improvement of introducing the optimal motion planning in the previous simulation, and trials were conducted for α 0 = 1, 1.01, and 1.05 and the straight motion case. The figure clearly shows the superiority of the optimal motion planning, since the straight motion case showed significantly poor performance compared to cases using the proposed method. It is also important to mention that the variance of estimation around the origin was affected by the choice of α 0 . The α 0 = 1.05 case can be see to be the best of the three. To validate the above-described tend, further numerical simulations were conducted to evaluate the estimation performance of proposed method with various α 0 and constant velocity motion, for different initial robot headings. Figure 10 shows the final value of the position estimation error by D 2 , where · denotes the Euclidean norm. D 2 was computed at the end of the trial (100 [s]); the sampled mean of D 2 is shown as a bar in Fig. 10 . The worst case and the best case values of D 2 are also indicated in the figure, as a black square ( ) and a white circle (•) respectively. If a worst case value is out of the displayed range, the information is given using text. α 0 was selected from 1, 1.01, 1.05, 1.07, 1.08, and 1.1, and the initial heading of the robot θ r (0) was selected from 0.5, 2, 3.5, and 5 [rad] . Figure 10 shows that the constant velocity motion was sensitive to the direction of the motion, as mentioned above. The proposed method with α 0 ∈ (1, 1.01, 1.05, 1.07, 1.08) demonstrated robust estimation against changes in the initial motion direction, but α 0 = 1.1 showed poor performance. This implies that including α 0 in the model can improve the estimation performance, but appropriate values must be selected. The worst estimation error could be improved by tuning α 0 properly.
Discussion
Since the sound location cannot be obtained at the beginning, it is impossible to compute the direction that will obtain the best estimation performance, and thus online updates of the motion is necessary. From the first simulation (Simulation I), the importance of optimal motion planning is clear, and the second simulation (Simulation II) also supports the conclusion that the proposed motion planning method gives significantly improved performance.
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As the estimate of the uncertainty, given as a covariance matrix estimate in EKF, is usually underestimated because of the nature of EKF, using the covariance matrix as the objective function to be minimized may lead to an incorrect result. The modification by adding parameter α is expected to overcome this problem, and results of Simulation II supported this idea. In terms of making a precise estimate, this modification provides less improvement, but the modification works effectively when the system would otherwise make wrong estimates, especially the worst estimation cases. Therefore, it is natural that the worst case in Fig. 10 was much improved, although the mean estimation error did not show significant improvement.
Conclusion
This paper shows the utility of using appropriate motions for listening, and proposed an EKF-based optimal motion planning method. Numerical simulations showed that the proposed method could estimate significantly better than the conventional method with a constant velocity motion. The performance could be further improved by adding the consistency model into the system by modifying the covariance matrix estimate that corresponds to the measure of the uncertainty; this is the major contribution of this paper. Although appropriate choice of the parameter α 0 requires further study, simulations showed that the effect of α 0 varied smoothly with respect to changes in the parameter, which implies that practical selection of the parameter is possible. 
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